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Post- Disaster Building Damage
Assessment Using Satellite And
Aerial Imagery Interpretation, Field
Verification
And Modeling Techniques
~ 2010 vision - Crowd Sourcing

Visual Inspection/Observation by
Volunteers

1Y,

Figure 5.2 Nations with Participating GEO-CAN Members (in yellow)

GEO-CAN damage
assessment protocol emphasized the
Importance of accurate damage
assignments

GEO-CAN damage assignment protocol
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https://www.gfdrr.org/sites/default/files/publication/2010haitiearthquakepost-disasterbuildingdamageassessment.pdf



UN-SPIDER's Role in Facilitating Access to Satellite Imagery
- Gateway to space-based information for disaster management support,

- connecting disaster management community with space community.

- Facilitating access to satellite imagery from various providers.
- UN-SPIDER has agreements with space-related stakeholders to showcase or provide high-resolution imagery to
member states affected by disasters.

Provide Satellite Imagery from Space Startups and Academia
UN-SPIDER: Timely access to critical data during disasters - acquiring necessary imagery, through International
Disaster Charter, Sentinel Asia, or Copernicus EMS.

Progress:
Key Stakeholders - satellite imagery during this disaster: GeoCan (Crowd Sourcing Visual Inspection)
*Axelspace UNITAR (UN-organizations by Visual Satellite
Maxar Technologies Imagery Interpretation)

UNSPIDER Facilitation(towards efficient AI

*Open Cosmos Deep Learning Methods)

*Synspective Inc.

*China National Space Administration

*National Disaster Reduction Center of China, Ministry of Emergency Management

*Collaborative Network of Disaster Data Response (CDDR)

*Aerospace Information Research Institute of the Chinese Academy of Sciences (AIR) 4



Table for Shared Satellite Imagery

Satellite Provider Sensor
AIRSAT-01 CASC SAR
HT2-03C PIESAT SAR
AS-01 Sixiang Tech. SAR
HY1D CNSA Optical
ZY1EF CRESDA Optical
HY1C CNSA Optical
GF3C CNSA SAR
GF1,4,6 CNSA Optical
BJ-3 CHINASIWEI Optical
JL-1 CGSTL Optical
StriX-1,2,3 Synspective Inc. SAR
GRUS-1 Axelspace Optical
WorldView-1,2 Maxar Technologies Optical
WorldViewlLegion-2,3,4 Maxar Technologies Optical
HAMMER Open Cosmos Hyperspectral
MANTIS Open Cosmos Optical



Collapse of Sky Villa Condominium building by Optical imagery
Maxar Technologies provided very high-resolution optical satellite imagery, WorldView Legion (Resolution: 30cm),
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Rapid Damage Assessment using
satellite imagery and Deep Learning

National Disaster Reduction Center of China
(NDRCC)

Laboratory of Emergency Satellite Engineering
(China)

Application of the Ministry of Emergency
Management (China),

Collaboration with UN-SPIDER,

High-resolution Damaged Buildings Map in
central Myanmar for 2025 Myanmar

Satellite Imagery: BJ-3 (Beijing-3) and JL-1
(Jilin-1) satellite constellations between 29 and
31 March 2025

Change Detection models: Deep Learning
methodology identifies building damages in high-
intensity zones.

Sagaing

Mandalay

Shan State

Kayah State
l&aren State

Monitoring Map of Damaged
Buildings Distribution of the
2025 Myanmar Earthquake

Shan State

Mandalay

Kayah State

Arakan State PegKaren State

Damage Assessment
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Myanmar earthquake: How Al is helping in

quick damage assessment

Over 2,000 damaged structures identified in
quake-hit Mandalay city

Using Microsoft's Al-powered damage assessment
tool.

Based on remote-sensing data from Planet Labs
PBC, Microsoft’s Al for Good lab processed
and visualised damage across more than 1.81

lakh buildings in Mandalay, Myanmar.

https://satelliteimager

assessment/naypyidaw_earthguake_3_31_2025.html
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Microsoft Al for Good - Building damage visualizer

Pre disaster imagery
Esri World Imagery Basemap
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This analysis represents a portion of the damage
from the earthquakes; other damage in the regi

H } Iy 1A 1 - . = \AlAc ] b - oy
Is not included in this assessment. While these .

insights offer a vaiuable initial overview, they
remain preliminary and require on-the-ground
verification for a comprehensive understanding of
the damage.
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Naypyidaw, Myanmar :

March 31st, 2025
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Microsoft Al for Good - Building damage visualizer Naypyidaw, Myanmar : March 31st, 2025 Source: Planet Labs PBC, SkySat
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Pre disaster imagery

Post disaster imagery
Esri World Imagery Basemap

March 31st
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from the earthquakes; other damage in the r
is not included in this assessment. While these
insights offer a valuable initial overview, they

remain preliminary and require on-the-ground

verification for a comprehensive understanding of

the damage.
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Building
Extraction
example in
Myanmar -

Utilizing Deep
Learning with
Train Data
from Iran cases
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- Satellite Imagery

- VHR Optical Images
- Image Processing

- Al Technology

- Deep Learning
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by: UNITAR



Imagery
) ITEES examples

Damage Visualized by Optical Imagery — Quickbird Satellite
BAM Earthquake, December 26, 2003




Damage Visualized by Optical Imagery — UAV (Volunteers-Freelancers)
Sarpol-e Zahab Earthquake, December 26, 2003

Ezgeleh



LIDAR - Aerial or UAV Systems (Time and Cost concerns)

Excellent results for damage mapping - provides height and albedo information
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@ ?gléunitar

Unitad Nations Institute for Training and Research

Damage Assessment of Koeeke
Hasan Town and Surroundings,
Sarpol Zahab, Kermanshah, Iran

This map illustrates  satellite-detected
damaged and potentially damaged buildngs
in the town of Koeeke Hasan, Iran following
the M 7.3 earthquake that struck the area on
the 12 November 2017. The analysis was
carried out comparing a post-event Pleiades
image acquired on the 16 November 2017
with a pre-event WorldView3 image of 24
July 2017. The results indicate intense
damage across the whole town, particulary
in Koeeke Hasan, Koeeke Aziz and
Koeeke Mahmod. A total of 1174 structures
have been identified as damaged or
collapesed across the area extent repres-
ented here. This is a preliminary analysis
and has not yet been validated in the
fidd. Please send ground feedback to
UNITAR - UNOSAT.

Legend

= Damaged site
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1 County boundary

ZUSGS

e s

Ccnes

Analysis conducted with ArcGIS v10.4.1

Coordinate System: WGS 1684 UTM Zone 38N
Projection: Transverse Mercator

Datum: WGS 1984

Unts: Meter

UNITAR - UNOSAT - Palais

IRAN

Koeeke Hasan, Sarpol-e-Zahab

See inset for close-up view of

damaged

Satelite Data (1): Pleiades
Imagery Dates: 16 November 2017
Resolution: 50 cm

Copyright: CNES 2017, distibution
At DS

Source: Aibus Defense and Space

0, Switzerland

structures

Satelite Data (2). ¥
Imagery Dates:
Resolution: 31 em
Copyright DigalGlobe, Inc
Source: USGSHODS
Baseline Datax GADM.
OpenStreetMap

oridView 3

Analysis  UNITAR - UNOSAT
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AW Earthquake

UNOSAT

The depiction and use of boundaries, geographic names and related data shown here are not warranted
ta be eror-free nor do they imply official endorsement or acceptance by the United Nations, UNOSAT is
2 program of the Unted Nations Insttte for Training and Research (UNITAR), providing satellte imagery
end related geographic information, research and ana humanitarian & development agencies
& theirimplemerting partners. This work by UNITAR-UNOSAT i hcensed under a CC BY-NC 3.0
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Mapping
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Buildings Damage Assessment &
Related Density North of Sarpol-
e-Zahab County, Iran

This map illustrates satellite-detected
damaged and potentially damaged buildings
and the related density of damage in the
areas north of Sarpdl-e-Zahab counly in
Kermanshah province, Iran following the M
7.3 earthquake that struck the area on the 12
November 2017. The analysis was carmied
out comparing a post-event Pleiades image
acquired on the 16 November 2017 with a
pre-event Worldview3 image of 24 July
2017. The results indicate damage across
several localities and villages in this zone
and about 3300 structures were identified as
potentially damaged (e.g. 362 in Koeeke
Hasan; 148 in Tapamaran and 98 in
Jaberi). This is a preliminary analysis and
has not yet been validated in the field
Please send ground feedback to UNITAR -

Legend
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UN-SPIDER
- Space-based information for Disaster Response Efforts

- International Charter “Space and Major Disasters”
- Disseminating satellite based data through “National

Space Agencies”

APSCO & Member States Satellites (China, Iran,...)



Crustal Deformation Mapping — Measurement of Coseismic Displacement Field - INSAR Technique

East-West Displacement Map of M 7.3 earthquake, Kermanshah Province, Iran

46°0'0"E

7.3 magnitude earthquake struck the Kermanshah
Province of Iran at 18:18 UTC on 12 November 2017.
Over 400 people have been killed and thousands
more are reported to be injured.

Displacement (cm)

m 1
cm

- -45

4/25 8/5

Data Source:
Sentinel 1-A: 2017-Nov-12 (Descending)
Sentinel 1-B: 2017-Nov-18 (Descending)
Sentinel 1-A: 2017-Nov-11 (Ascending)
Sentinel 1-B: 2017-Nov-17 (Ascending)

Map produced By:
National Centre for Earth Obsevation,
Iranian Space Agency
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Overview of Previous Work - Spatial Database Development:

Building Extraction
AL Algorithm
(Object-based image analysis - eCognition/Definiens)




Building extraction according to ecognition procedure

Region Merging
Technique and
Classification




Building Extraction by AT Algorithm (Object-based image analysis by eCognition)

Segmentation by Region merging Classification Building extraction
Multi-resolution Algorithm
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Overview of Previous Work:
Building Extraction & Damage Mapping
by Artificial Neural Network

(Machine Learning)



7\ ITEES
Building Extraction and Damage Mapping by Artificial Neural Network (Machine Learning Method )

Object-Oriented Building Extraction from
VHR Satellite Data and Earthquake
Damage detection based on textural

Analysis Using Artificial Neural Network R
ama

Babak Mansouri O
Assistant Professor and Head of Emergency Management Dept.

IIEES.
(Corresponding Author). Email: (mansouri@iiees.ac.ir) .5

Damage Damage
Level Pattern

Mona Mostafazadeh
Msc Graduate, IIEES

Bulletin of Earthquake Science and Engineer
D3

55-65.
D4

A

Damage mnppmg after
by ANN - (2015)
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Building Extraction and Damage Mapping by Artificial Neural Network (Machine Learning)

Pre-event Ancillary Data Post-event
Panchrom atic (building database) Panchrom atic

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 8, NO. 10, OCTOBER 2015 ‘

Pre-Processing
(co-registrationd im a ge enhancem ent) Difference Image

A Soft Computing Method for Damage Mapping
Using VHR Optical Satellite Imagery R

Babak Mansouri and Yaser Hamednia Tentural Difference Im age

(eight textural difference bands)

JSTARS - OCT. 2015 Optimum Feature Selection (GA) & <

Building Roof Pattem Classification (SVM)

Dam age Detection Process (FI8)

Damage Map

Fig. 1. Flowchart of the proposed method
25
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Building Extraction and Damage Mapping by Artificial Neural Network (Machine Learning Method )

Earthquake Building Damage Detection

Using VHR Satellite Data (Case Study:
Two Villages Near Sarpol-e Zahab)

JSEE, Vol. 20, No. 4, 2019

Babak Mansour™, Shakiba Mousavi, and Kambod Amini-Hosseind

1, Assocate Fmtassor, Earhguaa Hisk Managamant Hesaarch Cantar, Intemahonal Instifute of
Eathiusks Enginesring and Sstamology (IIEES), Tehan, Iran
* Comesponding Author, email: mansouriiiiees.ac.ir
¢, FhL. Shunant, Intemahonal Insifuta of Earthquske Engmneanng and Saismology (IIEES),
Tedran, Iran

Pre-avant Anrillary Nata (Ruilding Ohjacts) Przt-Fuant
TripleSat_2 Satellite (Open Street Map, Google Earth SV1 Satellite
Panchromatic Band Map, Compiled GIS Shapefiles) Panchromatic Band
L4
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i Building-E xtracted Data i 1 Building-Extracted Data :
1\ r 1 |
1 |
i y Li P y I
a _ Nl . I
| Second Order Histogram 11 Second Order Histogram 1
| Parameter Extraction Statistical | | ) Parameter Extraction 1
i (Gray Lewvel Co Occurrance Correlation | y 1 (Gray level Co occurrence :
" Matrix-GLCM - Haralick Analysis | T 1 Matrix-GLCM - Haralick I
I Faatures) : I Features) :
! L R J: : I
: —r R =
i i !
H Relative Difference as Damage Index ' : !
I| (Seven Haralick Features and Statistical Correlation) |y | 1
ey hypp—————— Y A !

NN Damage

A
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Spatial Resolution  Acquisition

Satellite
PAN (m) MS (m) Date
| 5"“’5““3 dfsjelﬂ““l specification. Pleiades-1A 0.5 2 16 Nov 2017
, patia olution e
Satellite FPAN(m) MS(m) Acquisition Date Namage Pattern Classification B f : :
TRIPLESAT 2 0.39 3.2 Pre-event: 2016-06-04 M Changed (Collapsed)
5V1 0.3 2 Post event: 2017-11-16

B Unchanged (No Collapsed)

Pattern Classification with Visual Interpretation

Changed (Collapsed) Unchanged (No Collapsed)
Buildings Shown 1n Ked Bulldings Shown in Yellow

. /A
£ X

d Ground Truth Map
by visual interpretation
of post-earthquake
Pleiades-1A satellite image.

Generat

-

Visual Classification - (Damage - UnDamage)
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D;Jnagé Pallern Chassificzation
B Changed/(Collapsed)
B Unchanged / (No Collapsed)

Damage mapping for two villages using
both pre event and post event images.

ANN’s confusion matrix for pre event and post event images.

Reference Data (Ground Truth)
Confusion Matrix Changed/ | Unchanged | _ uA
Collapzed | Mo collapsed
Changed/
g Collapsed 76 23 159 0.48
‘2| Unchanged’
e
é lé No collapsed 50 270 320 0.34
- Sum 126 353 r
8 0A=0.72
PA 0.60 0.76 l

D-amage Mattern Classification
Il Changed/(Collapsed)
I Unchanged / (No Collapsed)

- s

aage mapping for two Villages using
only post event damage image.

ANN"s confusion matrix for only post event damage map.

) ) Reference Data (Ground Truth)
Confusion Matrix Changed/ Unchanged/ o UA
Collapzed | No collapzed v
2 ggflzgfd 85 77 162 | 053
=
i
% E Eﬁiﬁ“ﬁ:ﬂd 41 276 317 | 087
2 sum 126 353
3 OA =075
PA 0.68 0.78
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Overview of Recent Work - Spatial Database Development:

Building Extraction - Damage mapping

Deep Learning

Babak Mansouri and Shakiba Mousavi
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Building Extraction - Damage Mapping Deep Learning

Machine Learning

7 O _O_O ) | soioes
N/ / or

— Not
Input Image Feature Extraction Classification Output

ﬁ Deep Learning

Deep Learning 5 £ .- O (<) O
== Builai
51— >< >< = Vo
4 g Not

(¥

Artificial Intelligence

Lo

Machine Learning

S
.
A
/£

Feature Extraction + Classification Output

Input Image

g =
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Overview of Recent Work - Spatial Database Development :

Building Extraction

Deep Learning
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diverse, large-scale, high-quality

recently introduced
101 labelled sequences

+ collected between 2017-2020

training/validation set 43,727 images
from all over the world

+ Covering 6 continents 120 km2 test set containing images from 5

+ contains over 48,000 building other cities on five continents

footprint labels.
« consists of multi-sensor data

*  (SAR and optical)

« Data for mapping and building
footprint extraction.

covers a 500 km2 surface area

Original Massachusetts
dataset

 Include suburban areas to rural areas

Massachusetts dataset * included ground object (roads, oceans,
buildings, tree, bridges, and vehicles)

* RS image is comprised (R6B) bands
+ image size 1,500 x 1,500 pixels

« spatial sampling resolution of each pixel
is1.2m
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772 ITEES

3)Tiptor . 2
_— ¢ )ln ! : DATASET Location Sensor Resolution
DG n S s v (m)
o : l - l Indianna (Train) Urban / Sub-urban Ariel imagery 0.3
WHU-I (Train) Urban Satellite 03-25
Sarpol-Zahab (Test) Urban / Sub-urban VAV 0.15

TEST

TRAIN

______________________________________________________________ e

TEST
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Auto-Encoder Architecture convolutional neural network for semantic segmentation and classification

/

convZDblock + ReLU+
Batch normalization

MaxPooling

Padding _
fe— Convolutional :
| Stride
olo|lo|o|o]o Katral ayer ——
—r
S T —— - 2 4]0 21 21 o | 1
111 et RelU
DAIRD S 1 1O 1]1-110 | 2 01 0|2 201 2
0|1|-1 — >
DRI RO O O 0|]2]1]0 | [ R [ g 0] 5 &
—— 0|01
O 10| 0] 1 G 2(0)]-2]1 ZA 01500 X
0|]0|O0O|O]|]O]|O
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Results & Conclusion

No. Test images Ground truth Predict

Test images Ground truth Predict

OVERAL ACCURACY % 82%
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Overview of Recent Work - Spatial Database Development:

Building Extraction

Deep Learning
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Domestic dataset created - Building Extraction
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Domestic dataset created - Damage Mapping
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TRAIN Dataset :
« RGB (N images - 512*512 and larger)
« Ground Truth (N images- 512*512)

N

Captured by Super View -1 Satellite

TEST Dataset :

* RGB (N images - 512*512 and larger)
* 6round Truth (N images- 512*512)

Sarpol - Zahab Provience that Captured
by Super View -1
After 2017 Earthquke

Width 33936 pixel
Height 33084 pixel
Band 3 Band (RGB)
Pixel Size 0.5-0.5 (m)

" ity 17790

No. Damage buildings 15949 (90%)

No. un-Damage
buildings

1841 (10%)
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Example:
) ITEES Proposed U-net network

ottt [ o
Batch .\'or-diudon_ SOFTMAX
RELU N i

Max pooling Dropout
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Prediction

Building Extraction
for Auto-Encoder
Architecture

OA:92%

Kappa:74%




(N ITIEES

Damage Mapping

Predict

Ground truth

Class  Accuracy  Kappa
Damage 88% 72%

Test images

43



(Transfer Learning) : g 5sb s

Loz 435 ol (labelled data) oo ygo cunz p Go3IS Sguas : Ll 5 aiis zl 5wl 4o Groe 550k sla Jow (o590 0n],3 0 Lol il
) 9o

Sl Sgazme glaosls b asas Pluw J> sl ailio 9 Sy dosloac gomxo (595 0o i igel s Juw guilo 31 colaswl

b pudats o Wl B sleosls (g9, » (Pre-trained) 0230 3390l i Joe SO (Sl posls g piyle; a5) yho 5l Jow SO oj9el sl
20,5 (Fine- Tune)

leibeo I35 059, y0 0 )8

08,5 o bl line 90 5l Lo slacsls L IMageNet sile ogoe slaoslodas gozxo 59 0090 0 g0l i slo Jow
2yl 1y adgl il ¢ ol 5 slagSl 5 lbedl dead wile (55908 Slo Sy Sy 0 b se ol

b el adlate o5 Gl SRy LU oS oo e puliid Hlai 5550 A Sl es stz pgal (oS Slaai b o

LS ol JUsl gL e

g A 00,85 > g gl oS Slas Cowl SIS ol eslo a jLo gl

D9 o0 bl Fau s s el (Jg el pole; sae Sl s Joe Shieel IS lawlxe b g oy yo (948 o
05350l e |y ol sausn sl Shg Klg o Joe LB g |58
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